The National Human Exposure Assessment Survey (NHEXAS) field study in EPA Region V (one of three NHEXAS field studies) provides extensive exposure data on a representative sample of 249 residents of the Great Lakes states. Concentration data were obtained for both metals and volatile organic compounds (VOCs) from multiple environmental media and from human biomarkers. A variance model for the logarithms of concentration measurements is used to define intraclass correlations between observations within primary sampling units (PSUs) (nominally counties) and within secondary sampling units (SSUs) (nominally Census blocks). A model for the total cost of the study is developed in terms of fixed costs and variable costs per PSU, SSU, and participant. Intraclass correlations are estimated for media and analytes with sufficient sample sizes. We demonstrate how the intraclass correlations and variable cost components can be used to determine the sample allocation that minimizes cost while achieving pre-specified precision constraints for future studies that monitor environmental concentrations and human exposures for metals and VOCs.
Introduction

Objectives
The objective of this paper is to use the experience gained in the field test of the National Human Exposure Assessment Survey (NHEXAS) conducted in EPA Region 5 (the Great Lakes states) from July 1995 through May 1997 to update and enhance the survey sampling design recommendations provided by Callahan et al. (1995) . Callahan et al. demonstrated that studies like the NHEXAS that collect a ''wide spectrum of exposure-related data'' and monitor individual exposures to more than one type of compound (e.g., metals and volatile organic compounds (VOCs)) are likely to be most efficient for estimating overall population means (i.e., smaller standard errors for population mean concentrations in various media for a fixed sample size) if all sample members have approximately the same probability of selection. Moreover, they concluded that ''the optimum sampling design will usually have a relatively large number of small clusters'' because the variable costs associated with sampling one more field cluster (e.g., another Census block) will usually be comparable to, or less than, the variable costs associated with monitoring one more participant because of the costs of laboratory analyses.
We can now use the NHEXAS experience to help other researchers estimate those cost components for other studies that directly monitor human exposures in a manner comparable to the NHEXAS either for a broad suite of compounds and exposure routes, like the NHEXAS, or for a subset of those compounds and routes of exposure. Moreover, intraclass correlations estimated from the NHEXAS data can be used to determine the sample allocation that achieves prespecified precision constraints (e.g., standard errors less than specified upper bounds) at minimum cost. Ryan et al. (1988) provide estimates of intraclass correlations for a residential NO 2 monitoring study, but little other data are available regarding intraclass correlations for human exposure monitoring studies.
In this paper, we use the Region V NHEXAS data and field experience to estimate intraclass correlations and cost components. We then demonstrate how those statistics can be used to optimize the designs of future human exposure assessment studies.
Background
Field data collection for the Region 5 field test of the NHEXAS was conducted from July 1995 through May 1997. The target population (from which the sample was selected) consisted of the non-institutionalized permanent residents of households in EPA Region 5 (Minnesota, Wisconsin, Michigan, Illinois, Indiana, and Ohio), excluding residences on military bases. As described by Pellizzari et al. (1995) and Whitmore et al. (1999) , the statistical sampling design for the study was a nested, probability-based sampling design with the following four stages of sampling:
First-stage sample of 32 primary sampling units (PSUs), most of which were entire counties Second-stage sample of three or four second-stage sampling units (SSUs) within each sample PSU, most of which were individual 1990 Census blocks Third-stage sample of approximately eight households from each sample SSU Fourth-stage sample of one person from each household in a subsample of those that completed the screening questionnaire.
A total of 249 persons were successfully recruited for personal exposure monitoring. Core data collection F air VOCs, water sampling, and household dust F was completed for most of these participants, but smaller numbers participated in aerosol monitoring, food and beverage monitoring, and biological (blood, urine and hair) monitoring. Descriptive results for these samples are reported in Clayton et al. (1999) .
Because the study was designed to monitor multiple routes of exposure for two classes of compounds, metals and VOCs, the sampling rates were designed to yield approximately equal overall person-level probabilities of selection, rather than optimizing the design for one class of compounds. In addition, we attempted to obtain respondents from more than one SSU (Census block) in each sample PSU (county), and more than one respondent in each SSU so that we could estimate intraclass correlations both within PSUs and within SSUs.
Methods
Variance Model
We modeled variances for the natural logarithms (logs) of measured concentrations and sample loadings in order to achieve, at least approximately, constant variance, additive components of variance, and normality (see Section 11.14.1 of Gilbert, 1987) .
The variances of the means of the logs of the NHEXAS environmental and biological measurements were modeled as follows:
where y is the mean of the log-scale measurements, s 1 2 , s 2 2 and s 3 2 are the variances between PSUs, between SSUs within PSUs, and between participants within SSUs, respectively, n 1 is the number of sample PSUs, and n 2 and n 3 are the average numbers of SSUs within PSUs and participants within SSUs, respectively. For the purposes of this model, a participant is either a household with a valid household-level measurement (e.g., tap water or dust concentration) or a person with a valid person-level measurement (e.g., personal air or food concentration).
This variance model is more useful for designing future exposure assessment studies when it is expressed in terms of the following:
¼ total ðlog À scaleÞ variance between participants ð2Þ
The model for the variances of the means of the logs of the environmental and biological measurements can then be expressed as follows:
where the first factor is the simple random sampling variance and the second factor (in brackets) is the survey design effect for the sample mean. The intraclass correlations tend to be more stable for similar outcomes (type of measurement by analyte) than the variance components themselves, and the design effect formulation clearly shows how the variance inflation depends on the cluster sizes and how much the observations are correlated within clusters (PSUs and SSUs).
Cost Model
The cost model that is required to determine the optimum numbers of PSUs, SSUs, and participants needed to achieve a given level of precision at minimum cost is one that models the total cost, C, of the study as follows:
where C 0 is the fixed cost that is not directly affected by the numbers of PSUs, SSUs, or participants, C 1 is the variable cost for adding one more PSU, C 2 is the variable cost for adding one more SSU, and C 3 is the variable cost for adding one more participant (while keeping everything else constant). The NHEXAS experience was used to estimate only the variable cost components, C 1 , C 2 , and C 3 , because the optimum allocation does not depend on the fixed costs, C 0 .
Optimum Cluster Sizes
Given the above variance and cost models, the optimum cluster sizes, n 2 and n 3 , that minimize total study cost while achieving a given level of precision for estimating a population mean (e.g., mean personal exposures for a particular medium/analyte combination) can be shown to be (see Section 8.7 of Sukhatme et al., 1984) :
where the intraclass correlations, r 1 and r 2 , are those associated with the distribution of the outcome of interest. Hence, greater variability at the ith stage of sampling leads to a larger ith stage sample size, and greater cost per unit at the ith stage leads to a lower ith stage sample size.
Results
Data
Although the NHEXAS Region 5 study included a longitudinal follow-up subsample, the results reported in this paper are based entirely on data from the initial set of household visits, the 'Visit 1' data. Results are reported for (1) 6-day, integrated personal and indoor air samples, (2) 4-day, composited food and beverage samples, (3) grab samples of tap water, drinking water, dust, and hair, (4) urine samples collected on days 3 and 7 of the monitoring period, and (5) blood samples collected on day 7. The environmental sampling methods are described in Pellizzari et al. (1995) with some updates in Pellizzari et al. (2001) .
Variance Components
Estimation of components of variance and intraclass correlations, as defined in 'Variance Model' requires multiple observations within at least two SSUs (area segments) within each PSU (county). The NHEXAS Region V field study was designed to support these analyses. Comparable analyses could be conducted using VOC data from the EPA's total exposure methodology (TEAM) studies conducted from 1980 through 1984 (Wallace, 1987) by treating cities as pseudo-PSUs. Rappaport and Kupper (2004) Variance components then were estimated using SAS Proc VARCOMP. Maximum likelihood estimation was used because it always produces non-negative estimates of variance components; moreover, the estimates usually were comparable to those produced by the other methods. The resulting estimates of intraclass correlations, r 1 and r 2 , are presented in Table 1 by type of measurement and analyte. To put the results in context, Table 1 also presents the number of samples, percent measurable, geometric mean, and estimated total log-scale variance, s T 2 , for each type of measurement and analyte.
The intraclass correlations shown in Table 1 are summarized by Box plots in Figures 1 and 2 for within-PSU and within-SSU intraclass correlations, respectively. In particular, the intraclass correlations are summarized by six media by chemical class categories: (1) VOCs in personal and indoor air and (2) metals in (a) personal and indoor air; (b) surface and window sill dust; (c) standing and flushed tap water; (d) food intake and food concentration; and (e) beverage intake and beverage concentration. Designers of future exposure monitoring studies can use these Box plots in conjunction with Table 1 to choose appropriate values for within-PSU and within-SSU intraclass correlations. Table 2 provides a summary of the components of the cost of the NHEXAS study, which can be used to develop cost estimates for other field monitoring exposure studies. Fixed cost components are identified, and cost estimates are provided for variable cost components. These cost estimates are intended to be a guide to the relative costs of the various facets of the study, not absolute estimates of cost.
Cost Model
These cost estimates are provided for the types of media and analytes monitored in the NHEXAS Region 5 field study, except that study components implemented only for small subsamples, that is, outdoor air and soil monitoring, are not included. They are based on the protocols for that study, including the following participant incentives: $5 for the baseline questionnaire, $15 for personal air VOC samples, $40 for personal air particulate samples, $75 for food samples, $20 for the blood sample, and $5 for each urine sample. For field data collection and chemical analysis, we first developed estimates of costs per sample. We then inflated the costs per sample to the person level based on the average number of QC samples and/or analyses performed per person, using the rates of selection for QC samples and duplicate analyses shown in Table 3 (see also Pellizzari et al., 1995 Pellizzari et al., , 2001 ). Future studies that use different rates of QC sampling and/or duplicate analyses relative to the NHEXAS Region 5 study will need to adjust the cost estimates accordingly. The cost estimates also assume that the study will be conducted in a large geographic area, comparable to EPA Region 5, over about a 1-to 2-year data collection period, using one traveling team of field interviewers to set appointments for another traveling team of field data collectors. Because of this use of a mobile lab there are not substantial costs associated with setting up a local office or lab in each PSU. The cost estimates also assume that the data Indoor air F particles and metals
Drinking water F VOCs
Standing tap water F metals
Flushed tap water F metals
Food (4 samples) F metals
Beverages (4 samples) F metals
Hair F metals Â $2 collection period is fixed in advance and does not depend on the sample size. For example, adding one more PSU would mean fewer observations and less time per PSU.
Discussion
The variance components in Table 1 and the cost components in Table 2 confirm the general conclusion of Callahan et al. (1995) that ''the optimum sampling design will usually have a relatively large number of small clusters'' because the variable costs associated with sampling one more cluster, or SSU, will usually be only moderately less than, the variable costs associated with monitoring one more participant. For example, Table 2 shows that, for the NHEXAS study, the ratio of total costs per additional SSU to total costs per additional person (C 2 /C 3 ) is about 0.8 (4055/5003), and Figure 2 shows that the intraclass correlation within SSUs for most of the media/analyte combinations of interest in the NHEXAS is about 0.1-0.2. Hence, the optimum number of participants per SSU is about 2-3 based on Eq. (8) and Table 4 (an expanded version of Table 1 in Callahan et al. (1995) ). For metals in water, Figure 2 shows that the intracluster correlations are higher; hence, even smaller clusters (e.g., 1 or 2 homes per SSU) would be optimum for a study focused primarily on metals in household water. The estimates of intraclass correlations shown in Table 1 should be interpreted as a general guide to the magnitude of intraclass correlations to be expected in future studies partly because the sample sizes are not large enough to support extremely reliable estimates. In particular, since there were 32 PSUs, the between-PSU component of variance, s 1 2 , is based on only 31 degrees of freedom. Since there were about 3 or 4 SSUs within each PSU, the between-SSU component of variance, s 2 2 , is based on about 80 degrees of freedom (2.5 * 32).
Components of variance are difficult to estimate precisely. Hence, the estimates in Table 1 should be used with caution when determining the sample size needed to achieve an individual precision requirement (e.g., an upper bound on the relative standard error of lead concentrations in window sill dust). However, the sample size and sample allocation estimates for multiple constraint problems are less sensitive to imprecision in the estimated variance components. Fortunately, most practical problems (e.g., design or a regional or national NHEXAS) usually require that several key precision constrains be satisfied simultaneously. For these types of problems, the estimated variance components shown in Table 1 should be used with algorithms like those developed by Chromy (1987) or Bethel (1989) to develop optimum sample sizes and optimum allocations to SSUs and PSUs.
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